Existing studies of the labor market status of cancer survivors have focused on the extent to which cancer disrupts the employment of individuals who were working when diagnosed with cancer. We examine how surviving cancer affects labor market entry and usual hours of work among females aged 28 to 54 years who were not working when first diagnosed. We find that prime-age females have employment rates 2 to 6 years after diagnosis that are 12 percentage points lower than otherwise similar women who were initially out of the labor force, full-time employment rates that are 10 percentage points lower, and usual hours of work that are 5 hours per week lower. These estimates are somewhat larger than estimates for prime-age women employed at the time of diagnosis and highlight the importance of considering nonworking females when assessing the economic and psychosocial burden of cancer.
long-term well-being of survivors, a group now approaching 14 million in number (Siegel et al., 2012) . One of the concerns is the long-run effect on the employment of cancer survivors (Steiner, Cavender, Main, & Bradley, 2004) . Employment is particularly relevant to survivors' quality of life because of the need to maintain a source of income and the possibly heightened need to maintain access to affordable health insurance (Bradley, Neumark, Luo, & Bednarek, 2007; Tunceli, Short, Moran, & Tunceli, 2009 ) and because of the links between employment and personal identity, self-esteem, and other aspects of psychological and social well-being (Holahan, Holahan, & Wonacott, 1999; Peteet, 2002) .
Existing studies of the labor market status of cancer survivors have focused on those working at the time of diagnosis, in an effort to better understand how cancer disrupts the employment trajectories of working survivors, both in the short run Bradley, Neumark, Luo, Bednarek, & Schenk, 2005; Kessler, Greenberg, Mickelson, Meneades, & Wang, 2001; Short, Vasey, & Tunceli, 2005) and longer term (Short, Vasey, & Moran, 2008 ). An important, but little studied, component of the overall economic and psychosocial burden of cancer is its role in reducing entry into the labor force among nonworking individuals who might have otherwise sought employment in the future. This is especially important for female cancer survivors. Female labor force participation rates are roughly 15 percentage points lower than those of males (Bureau of Labor Statistics, 2009), so women are more likely to be out of work at the time they are diagnosed, and women often enter or reenter the labor force as their children get older.
In this article, we augment the literature on survivorship and employment by estimating how cancer affects employment, full-time employment, and usual hours of work among female cancer survivors aged 28 to 54 years who were not working when diagnosed with cancer 2 to 6 years earlier. 1 Although one might expect that cancer would not exert as much influence on the subsequent employment of nonworkers, we find evidence of long-term employment reductions that are somewhat larger than those for women who were working at diagnosis (Moran, Short, & Hollenbeak, 2011) .
New Contribution
To the best of our knowledge, this is the first study to examine the effect of surviving cancer on labor market entry. Our estimates illustrate the pervasive nature of cancer's effect on employment, and the need to consider entry into the labor force when assessing the overall economic burden of cancer. Preliminary analysis of the data sources used in this study, which allowed us to consider men and older women up to age 65 years, suggest that cancer's effect on entry is mainly an issue for somewhat younger women represented by the age-group reported on here. Given the concentration of cancer incidence at older ages and generally high rates of female labor force participation, relatively few studies of cancer's longer term effects on employment have presented an opportunity to consider labor market entry in a group of younger survivors. A number of studies have relied on data from the Health and Retirement Study, which does not enroll subjects before age 51 years, while others were not designed to capture a sufficiently large sample of cases diagnosed at younger ages while out of work.
Conceptual Framework
The standard economic model of labor supply, in which utility-maximizing agents allocate time between hours of market work and leisure, based on their labor-leisure preferences, relative prices (in this case, the market wage), and their wealth and time constraints, provides the theoretical backdrop for thinking about the effects of cancer on labor supply. 2 In the present case, one can view surviving cancer as a health shock that has the potential to alter decisions about entering the labor force in a number of ways: through productivity-related reductions in the available wage; through expenditures on health care or health insurance that reduce wealth; through a tightening of the time constraint due to the demands of treatment for long-term or late-term health effects; and through changes in labor-leisure preferences. Because several of these mechanisms potentially operate in opposite directions, the predictions of economic theory are ambiguous with regard to the net effect of cancer on labor market entry. As a result, the question motivating this study can only be resolved empirically.
Method
Regression and propensity score matching methods were used to compare employment outcomes 2 to 6 years after diagnosis for prime-age female cancer survivors from the Penn State Cancer Survivor Survey, who were not working at the time of diagnosis, with a comparison group of similarly aged females from the Panel Study of Income Dynamics (PSID) who were also not working at a comparable baseline. Our empirical methodology closely follows Short et al. (2008) and Moran et al. (2011) , as described below.
Cancer Sample
The Penn State Cancer Survivor Survey (PSCSS) was a longitudinal study of nearly 1,800 cancer survivors of both genders who were identified from the tumor registries at three large medical centers in central and northeastern Pennsylvania and at Johns Hopkins Hospital in Baltimore, Maryland. The research protocol was approved by Institutional Review Boards at Penn State's University Park campus and each hospital. The subjects were first diagnosed with cancer during the 3-year period from 1997 through 1999. They were surveyed in the first of four annual interviews from October 2000 to December 2001. For the analyses in this article, we compared employment data from the second PSCCS interview, conducted in 2002, with PSID data for 2002.
Patients with all types of cancer (except superficial skin cancers) were eligible for the cancer survey. However, most cases diagnosed at Stage 4 were excluded, except for patients with Stage 4 leukemias, lymphomas, and plasma cell cancers who had a good chance of surviving to the end of the study. Eligibility was further restricted to adults of working age (25-62 years old at diagnosis, implying that they were born between 1935 and 1974, inclusive) and to subjects who could be interviewed in English.
A total of about 5,000 cases, 2,000 from Johns Hopkins and 3,000 from the Pennsylvania registries, met the eligibility criteria for sampling and were contacted by hospital employees who solicited participation in the study and obtained informed consent. Of the women young enough to be included in the analyses reported here (those aged 28-54 years at follow-up), 48% of the initially sampled cases who were alive when contacted agreed to be interviewed (848 subjects, Table 1 ). Eighty-six percent of eligible cases who gave consent and survived were successfully interviewed (703 subjects). Eighty-eight percent of those who completed the first interview and survived until contacted for the second interview completed the second interview (598 cases). After restricting the 2002 sample to females who were not working at the time of diagnosis, there were 116 female cancer survivors in our target age range.
Concerns about bias raised by the low participation rate were investigated by using de-identified data for nonparticipants to estimate a logit model predicting completion of the first interview based on age, race, diagnosis year, facility, cancer types, and stage for women in the target age-group. The only significant differences identified (p < .05) were lower participation rates for non-Whites, at the one facility where written consent was required, and for unstaged cancers. A chi-square test showed that working at the first PSCSS interview was unrelated to attrition between the first and second interviews (p = .561) among females in the target age-group. 3 Our employment analyses rely on the date of diagnosis, along with cancer site and stage, recorded in the cancer registries. Retrospective questions in the first interview asked about employment and job characteristics, health insurance, and marital status at diagnosis. Current employment status and usual hours per week were determined at each of the four interviews. Time from diagnosis ranged from 26 to 70 months (mean = 47 months, SD = 11).
Comparison Group
The PSID is an ongoing longitudinal study conducted by the Institute for Social Research at the University of Michigan (Institute for Social Research, 2009a) . It has been collecting data from the same families and individuals since 1968. The PSID is designed to maintain a nationally representative sample of individuals and families in the U.S. population over time by following the children of initially sampled families as they leave home and form new households, thereby mimicking the process of family formation in the population. A sample of immigrant families was added in 1997 to maintain the representativeness of the sample in the face of increased immigration into the United States. Since 1997, interviews have been conducted every 2 years (in odd years) to collect information about the previous (even) year.
We used the 2003 PSID family and individual files to obtain information on employment and other data elements for 2002. 4 We restricted the PSID comparison group to the same age-group as the cancer sample (28-54 years old in 2002). Although the PSID questionnaire contains extensive information for the householder and, if applicable, the householder's spouse, there is very little information about other adults in the household (beyond adult children eligible for the survey in their own right). Consequently, our PSID sample excludes the small proportion of adult females younger than 55 years who live in the household of a nonparent relative. We also dropped PSID subjects with any history of cancer (ignoring superficial skin cancers). Finally, because we required information for the PSID sample over the same time period as the cancer sample, we restricted our analytic PSID sample to primary adults with data in the 1997, 1999, 2001, and 2003 "family files" (corresponding to reference years 1996, 1998, 2000, and 2002, respectively) .
To ensure a comparable distribution of follow-up intervals in the PSID relative to the PSCSS, we randomly chose from the distribution of diagnosis months in the cancer sample (January 1997 through December 1999) and used these draws to assign a "baseline" month for each respondent in the PSID for the purpose of determining initial employment status. A similar procedure was used by Bradley, Bednarek, and Neumark (2002) for comparing cancer survivors with a noncancer comparison group. Job characteristics in the baseline month were compiled from monthly questions in the PSID about individual employment in the reference year, along with job beginning and ending dates. Employment information for the nonreference years of 1997 and 1999 was acquired from the monthly earnings data reported in the supplemental "t-2 individual income files" constructed by the Institute for Social Research from the 1999 and 2001 interviews (Institute for Social Research, 2009b) .
When the PSID sample was restricted to females aged 28 to 54 years who were not working during their assigned baseline month, we were left with 861 nonworking women without a history of cancer in our comparison group.
Employment Outcomes
To estimate the effect of cancer on subsequent employment, we studied three employment outcomes observed in 2002: the probability of working, the probability of working full time (35+ hours in a usual week), and usual hours per week. In the PSCSS, working was defined by respondents selecting the first option when asked, "Now I am going to ask you some questions about your current employment situation. Are you working for pay, temporarily laid off or on leave, unemployed and looking for work, retired, disabled and unable to work, a homemaker, a student or something else?" In the PSID, working was defined based on answers to the question, "In which months during [year] were you working for [each employer identified during the year]?"
Identification Strategy
The estimand of interest is the average effect of treatment on the treated (ATT) which, in our case, corresponds to the average effect on employment and hours of having survived cancer, among those who have survived cancer. Strictly speaking, the ATT measures the effect of having survived cancer for current cancer survivors, but it can also be used to estimate the impact of cancer on future survivors if those who contract and survive cancer in the future are similar to those who survive cancer today.
In the absence of a viable instrumental variable, we base our analysis on a "selection-on-observables" assumption (Heckman & Robb, 1985) : specifically, we assume that after conditioning on a set of observable covariates, one's propensity for developing cancer is independent of potential employment outcomes. This assumption is difficult to assess. One concern is that variation in preferences, for example, in the rate at which individuals discount the future, could influence both one's willingness to invest in work-related human capital and, through lifestyle choices, one's risk of developing cancer, at least for the subset of cancers known to be influenced by personal behavior. 5 Under this scenario, our estimates would overstate the negative impact of cancer on the labor market outcomes we study. An additional concern when estimating employment effects among those not working at baseline is that we have fewer proxies for labor force attachment to include in our propensity score model. For example, in contrast to studies that focus on initially employed survivors, we cannot condition on baseline hours of work, occupational classification, or job tenure, variables that may provide valuable information about tastes for market work. If labor force attachment varies systematically between our cancer and noncancer comparison groups, the absence of proxies for this important preference parameter will result in biased estimates of the impact of surviving cancer on employment and hours.
The ATT is most commonly estimated using one of several matching estimators. Matching offers two potential advantages over linear regression. First, because the ATT is based on averaged differences among matched individuals with similar observed characteristics, no assumption regarding functional form is imposed in calculating the ATT. Second, matching provides a means of ensuring that only comparable individuals are compared. This contrasts with ordinary least squares regression, which uses all of the untreated observations to form an (implicit) counterfactual outcome for each treated individual.
In practice, it is rare to match directly on the covariates because of the potentially large number of dimensions across which matches would need to be made. Rosenbaum and Rubin (1983) show that if the selection-on-observables assumption holds conditional on the covariates, then it also holds conditional on the predicted probability of treatment given the covariates, which allows one to construct matching estimates based on a set of unidimensional propensity scores rather than the multidimensional covariate vector.
When estimating the ATT, propensity score matching requires that for each distinct value of the propensity score in the treatment group, there must be some untreated individuals available for matching. This requirement, known as the "common support" condition, can either be assumed or imposed, and there are several methods available for implementing it. 6 We imposed the support condition prior to matching using a method known as "trimming" that removes q percent of the treated observations whose corresponding control observations have an estimated density below an endogenously determined cutoff (Smith & Todd, 2005) . We used a trimming level of 2%. 7 We focused on two matching estimators, kernel matching and k-nearest neighbor matching. The methods differ in the way counterfactual outcomes are estimated. Kernel matching estimates the counterfactual using a distance-weighted mean of the comparison group observations. 8 Observations with more similar propensity scores receive greater weight, with the extent of differential weighting determined by the chosen kernel and bandwidth. The matching estimates presented in Table 4 are based on the Epanechnikov kernel and a bandwidth of 0.06, which are the defaults for kernel matching using PSMATCH2. 9 As a robustness check, we also experimented with a Gaussian (normal) kernel and obtained similar results. k-Nearest neighbor matching constructs counterfactual outcomes by using the k comparison group observations with propensity scores most similar to the treated observation, with equal weighting of the observations. The estimates presented below are based on k = 10. Similar estimates were obtained when k = 5 or k = 1. 10
Propensity Score Model
The PSCSS and PSID samples differ along several dimensions; most notably, in terms of urbanicity and socioeconomic status (Table 2) . This likely reflects the geographic concentration of the PSCSS sample. To adjust for these differences, we estimated propensity score models that include sociodemographic characteristics, such as age, race, marital status, the presence of children younger than 18 years in the home, and educational attainment, along with measures of urbanicity and the strength of each respondent's local labor market. We controlled for age with indicators for each year and measured schooling using indicators for less than high school (the omitted category), high school completion, some college, college completion, and any postcollege education. The models also include indicators for five common chronic conditions (diabetes, chronic lung disease, heart disease, stroke, and arthritis) at follow-up. 11 Chronic conditions were identified in both surveys by asking, "Has a doctor ever told you that you had [condition] ?" Although we assigned baseline dates to PSID respondents in a manner designed to mimic the distribution of diagnosis dates in the PSCSS, we also included a covariate measuring the number of months from diagnosis/baseline to the 2002 interview to ensure balance in the length of the follow-up periods across the two samples.
To control for differences in urbanicity and local labor market conditions, we constructed three county-level variables. The first variable was a set of three rural-urban indicators based on groups of Beale codes: (a) counties in metropolitan areas of 1 million population or more (Code 1); (b) counties in smaller metropolitan areas (Codes 2 and 3); and (c) all nonmetropolitan counties (Codes 4-9). The second variable is population density, which we computed as the population per square mile in the respondent's county of residence. In addition to measuring where counties fall on the rural-urban continuum, these variables may also proxy for the size and extent of the local labor market. A more direct measure of labor market strength-the unemployment rate in the respondent's county of residence-serves as our third county-level variable. Each of these variables was calculated for calendar year 2002, to capture local labor market conditions at the time employment outcomes were evaluated. The analyses do not distinguish nonworking women who were unemployed at baseline from those who were out of the labor force. This distinction could not be made in the PSID for baseline months in 1997 and 1999, which were not survey reference years. For married women, who constituted a large majority of nonworking women in both samples, the percentage in the target age-group who were unemployed in the month of the 1999 PSID interview (10% of nonworkers) was similar to the percentage in the PSCSS who were unemployed at diagnosis (12%). The fraction unemployed was less similar for unmarried women (35% in the PSID compared with 8% in the PSCSS), but there were only 12 unmarried women who were not working at diagnosis in the PSCSS.
The dependent variable in each propensity score model was equal to "1" if the respondent was a cancer survivor, and "0" otherwise. All the propensity score models were estimated as Probits. The estimated propensity score models (not presented) were consistent with the cross-sample comparisons depicted in first two columns of Table 2 . 12 For comparison purposes, the third and fourth columns of Table 2 contain analogous summary statistics for the matched PSCSS and PSID samples that reflect the reweighting of the PSID sample used by the kernel estimator and the imposition of the common support condition. Paired t tests for equality of means in the treatment and matched comparison groups were performed for every covariate in each specification, using the PSTEST procedure in PSMATCH2. 13 In no case was the null hypothesis of equality of the covariates across samples rejected.
Regression and Matching Models
We regressed each of the three outcome variables on an indicator for cancer survivorship and the same set of covariates used in the propensity score models. In the case of discrete outcomes, such as the probability of working or the probability of working full time, we estimated Probit models, reporting marginal effects. Estimates for usual weekly hours were based on an ordinary least squares regression. Robust standard errors were estimated for all regression models. For the matching estimators, we display two sets of standard errors: the analytic standard errors from the PSMATCH2 program and bootstrapped standard errors that incorporate the estimation error in the propensity scores. Each of the 500 bootstrap replications was based on the combined estimation of the propensity scores and the associated matching estimator. 14
Results
Unadjusted employment outcomes for cancer survivors and PSID respondents without a history of cancer, among women who were not working at baseline, are presented in Table 3 . At follow-up, survivors are less likely to work, less likely to work full time, and work fewer hours per week than otherwise similar women with no history of cancer. Without adjusting for observable differences between the PSCSS and PSID samples, prime-age females who have survived cancer have employment rates that are 16.7 percentage points lower 2 to 6 years after diagnosis than similarly aged females from the PSID comparison group, full-time employment rates that are 16.1 percentage points lower, and usual weekly hours that are lower by 7.2 hours per week. For comparison with our regression and matching estimates, these mean differences are reproduced in the first column of Table 4 .
The regression-based estimates and the ATT estimates derived from matching are generally a bit smaller than the unadjusted mean differences. Relative to the females in our noncancer comparison group, female cancer survivors have employment rates that are 12 percentage points lower and full-time employment rates that are 10 percentage points lower. Female cancer survivors work about 5 hours per week less than comparable females without a history of cancer. The control variables used in our regression and matching models influence employment and hours in the expected way. For example, employment rates in 2002 are 27 percentage points higher among college graduates than among those without a high school diploma, and college graduates work an average of 6 hours per week more in 2002 than those who did not finish high school. Older females have lower employment and full-time employment rates, with age exerting a consistently negative effect on weekly hours beginning at age 42 years. Diabetes, arthritis, and chronic lung disease all significantly reduce the probability of working, while heart disease has the largest influence on full-time employment and hours (−19 percentage points and −5 hours per week, respectively). Finally, the presence of children in the home significantly lowers female labor market activity along all three dimensions: by roughly 10 percentage points for any employment, by 16 percentage points for full-time employment, and by 4 hours per week in the usual week. Ichino, Mealli, and Nannicini (2008) have developed methods for assessing the sensitivity of matching estimates to the selection-on-observables assumption. Their methodology allows researchers to simulate the effect of an omitted binary variable based on assumptions about the distribution of the omitted variable conditional on treatment assignment and outcome. 15 They propose two approaches for examining the robustness of matching estimates: the first simulates the effect of an omitted variable whose statistical properties mimic a given (included) covariate while the second calculates the size of the selection and outcome effects required to produce an ATT estimate of zero.
Sensitivity Analysis
We believe the first approach provides a more intuitive way of thinking about the influence of potential confounders and present a sensitivity analysis based on it in Table 5 . Using the SENSATT command in Stata (Nannicini, 2007) , separate simulations were conducted for all binary covariates whose mean values differed significantly across the treatment and comparison groups. The estimated ATT for each employment outcome and simulated confounder was based on 1,000 replications of the simulation procedure. As shown in Table 5 , our ATT estimates appear to be robust to the existence of omitted variables that are statistically similar to these covariates. When analyzing labor market entry, it is not possible to incorporate markers for labor force attachment into our empirical model and, consequently, into the sensitivity analysis performed here.
Conclusions
Most previous studies of the employment effects of adult cancers have focused on people who were working when they were diagnosed with cancer. These studies have asked whether survivors return to work following cancer treatment (Bouknight, Bradley, & Luo, 2006; Spelten, Sprangers, & Verbeek, 2002) , considered absenteeism from work during treatment (Bradley, Oberst, & Schenk, 2005) , and investigated the possibility that survivors are more likely to retire or quit their jobs than other workers Bradley, Neumark, Luo, et al., 2005; Kessler et al., 2001; Moran et al., 2011; Short et al., 2005; Short et al., 2008) . However, in this study, we call attention to the potential long-term effects of cancer on the employment of people who were not working when they were diagnosed and who may have been more likely to enter the workforce if they had not had cancer. As a practical matter, the effect of cancer on labor market entry is mainly an issue for women in the younger to middle-aged group we consider here, because they are more likely to be out of the workforce caring for their families and to enter the workforce at a later point in their lives.
We find that female cancer survivors are significantly less likely to enter, or reenter, the labor market than other women. Moreover, the long-term effects of cancer on the rate of any employment (−12% vs. −7%), full-time employment (−10% vs. −6%), and usual hours per week (−5 vs. −3) seem larger here for nonworkers than comparable estimates for females in the same age-group who were working at diagnosis (Moran et al., 2011) . Bradley et al. (2002) similarly found that employment rates for long-term breast cancer survivors aged 51 to 61 years were 7 percentage points lower than for Ichino et al. (2008) using the SENSATT command in Stata. We simulate the effect on the estimated ATT parameters of an omitted binary confounder with the same statistical properties as each covariate listed in the first column of the table. We focus on binary covariates whose mean values differed significantly across the treatment and comparison groups. The estimated ATT parameter for each employment outcome and simulated omitted confounder is based on 1,000 replications of the simulation procedure.
comparable women without a history of breast cancer. However, if employed, women with a history of breast cancer in their study worked 3.4 more hours per week. The short-term effects of breast cancer on employment are much larger. Six months after diagnosis, employment rates for women with breast cancer were 18-25 percentage points lower than for comparable women from a noncancer control group . In the same study, employed women with breast cancer worked 7 fewer hours per week than other working women.
In comparing our estimates with those for survivors working at the time of diagnosis, two points merit consideration. First, because there is no baseline variation in employment and hours among the nonworking women in our sample, we were unable to use a difference-in-differences estimation strategy to remove bias attributable to time-invariant unobservables, such as differences in the rate of time preference that might, under plausible assumptions, lead us to overstate the negative employment consequences of having survived cancer. Second, our selection-on-observables assumption is more tenuous when studying labor market entry than when studying employment disruption because we are unable to condition on baseline job and worker characteristics that may convey information about tastes for market work. Our inability to distinguish between women who were unemployed versus out of the labor market at diagnosis, which may serve as an indicator of labor force attachment among nonworking women, is another reason for interpreting our estimates with caution.
Ours and other longer term estimates for women with cancer are fairly similar to estimates of the effects of other chronic illnesses on the employment of men and women. For example, respondents with chronic obstructive pulmonary disease had employment rates that were 3.9 percentage points lower than respondents without chronic obstructive pulmonary disease (Sin, Stafinski, Ng, Bell, & Jacobs, 2002) . Tunceli et al. (2005) found that diabetic women had employment rates that were 4.4 percentage points lower than nondiabetic women while for men, the corresponding reduction in employment was 7.1 percentage points. Changes in weekly hours were not significantly different across diabetics and nondiabetics of either gender. Obesity took a similar toll on labor market activity: meeting the clinical definition of obesity in 1986 lowered employment rates in 1999 by 4.8 percentage points among men and by 5.8 percentage points among women (Tunceli, Li, & Williams, 2006) . Even larger effects have been documented for mental illness. Ettner, Frank, and Kessler (1997) found that employment rates were appoximately 11 percentage points lower for both men and women with a psychiatric disorder, which is similar to the 11 percentage point reduction in employment rates among male Latinos found by Chatterji, Alegria, Mingshan, and Takeuchi (2007) , but substantially smaller than the 22 percentage point reduction found for Latino females. In the case of heart disease, labor market impacts appear to vary by age. In a recent study based on Australian data, the effect of cardiovascular disease (CVD) on employment rates was small and statistically insignificant among both men and women in the 18-to 49-year age-group, perhaps reflecting less advanced disease in younger respondents, whereas employment rates for men and women aged 50 to 64 years with CVD were about 4 percentage points lower than among comparable individuals without heart disease, although the difference did not rise to the level of statistical significance among women (Zhang, Zhao, & Harris, 2009) .
Several limitations of our analysis should be noted. First, because our study is based on survivors treated at four medical centers in the mid-Atlantic region, our estimates may not be representative of cancer survivors generally. Also, because of the difficulties inherent in obtaining a series of interviews with cancer survivors, the survivors who agreed to be interviewed for our survey may differ from other survivors in ways that we cannot account for. Second, as discussed earlier, our analysis relies on a selection-on-observables identification strategy that leaves open the possibility of biases from unobserved factors that potentially influence both employment and the probability of developing cancer (or of participating in a survey of cancer survivors). Moreover, in contrast to studies that examine the effect of cancer on initially employed individuals, we have a less informative set of covariates because of the absence of baseline job and worker characteristics among the sample of nonworking women we use to analyze cancer's effects on labor market entry.
Finally, like most other investigators who have studied the labor market effects of chronic illness, we are unable to disentangle the underlying mechanisms through which cancer survivorship reduces labor market entry among prime-age females. The observed reductions in employment and hours among cancer survivors could be prompted by lingering physical and mental health effects of cancer and its treatment, changing tastes for market work in the aftermath of a serious illness, or discrimination on the part of employers. Each of these explanations has different implications for whether and what kind of clinical or policy responses are appropriate.
To the best of our knowledge, no other study of the employment effects of cancer, or chronic illness more generally, has considered labor market entry. Instead, most research in this area either estimates the impact of a chronic medical condition on those employed at the time of diagnosis or uses a sample composed of both workers and nonworkers in the baseline period. Because the incidence of breast cancer among younger women is higher than the incidence of many other chronic diseases, cancer is especially likely to affect women at a stage of life when entering or reentering the labor force is a consideration. Admittedly, given the relative numbers of workers and nonworkers, the effect of cancer on women working at diagnosis contributes more to the total burden of cancer on survivors and society. Nevertheless, a full accounting must take into consideration survivors who do not pursue paid employment because of their encounter with cancer. Our study also serves as a reminder to oncology professionals and survivor groups to look out for nonworking female survivors who may need special support in dealing with the twin challenges of transitioning into the workforce and living with a cancer history.
